We demonstrate that time stamps reported in I/B/E/S for analysts' recommendations released during trading hours are systematically delayed. Using newswire-reported time stamps, we find 30-minute returns of 1.83% (-2.10%) for upgrades (downgrades), but for this subset of recommendations we find corresponding returns of -0.07% (-0.09%) using I/B/E/S-reported time stamps. We also examine the information content of recommendations relative to management guidance and earnings announcements. Our evidence suggests that analysts' recommendations are the most important information disclosure channel examined.
Introduction
A large body of academic research suggests that sell-side analysts play an important role in the price discovery process. In a seminal paper, Womack (1996) documents that recommendation changes generate a large and statistically significant three-day announcement period return, on average. This finding has been replicated in dozens of subsequent studies.
1 However, recent papers by Altinkilic and Hansen (2009) and Altinkilic, Balashov, and Hansen (2010) challenge the view that analysts are important information intermediaries. Using intraday returns centered on recommendation revisions during trading hours, they find revisions are associated with insignificant price reactions. They conclude that analysts "piggyback" by releasing recommendations soon after other news that materially impacts the stock price. Similarly, Loh and Stulz (2011) find that after purging out recommendations that fall in a three-day window around confounding firm-specific news releases, average 2-day abnormal returns around revisions drop dramatically.
In light of these conflicting findings, we reexamine the information content of analysts' recommendations. We focus our analysis on high frequency data because it enables us to pin down the immediate impact of real-time information on stock prices, which is not feasible using daily data. 2 Furthermore, intraday analysis allows us to compare our results directly against Altinkilic and Hansen (2009) . Ivkovic and Jegadeesh (2004) show that recommendations are often released around the same time as earnings announcements, which oftentimes coincide with management guidance.
Therefore, we control for these announcements in our analysis. Recommendations and earnings announcement data are obtained from I/B/E/S, while management guidance data is obtained from First Call.
Because our study relies on the accuracy of an event's timing, we manually check the announcement times reported by I/B/E/S and First Call against three newswire sources: Dow Jones News Retrieval, Reuters, and Lexis-Nexis. Of the recommendations released during trading hours that we are able to match to newswires, we adjust approximately 56% to an earlier time period. Similarly, 58% of guidance and 83% of earnings announcements are adjusted to an earlier time period. We find that the average time stamp delay for recommendations is approximately 2.4
hours and the majority of recommendations with delayed announcement times occur before the market opens.
Using the time stamps reported in I/B/E/S during trading hours for the subset of recommendations where we are able to find an earlier time stamp, we find upgrades (downgrades) generate an average 30-minute return of -0.07% (-0.09%). These insignificant returns are consistent with the findings in Altinkilic and Hansen (2009) . After correcting for time stamp delays for these recommendations, we find that upgrades (downgrades) generate an average 30-minute return of 1.83% (-2.10%). Thus, it is critical that time stamps be verified against newswires when conducting an intraday event study as failure to do so can lead one to falsely conclude that analysts are uninformative.
Loh and Stulz (2011) argue that recommendation changes could have a statistically significant impact in the aggregate even though no individual recommendation change is influential enough to generate a statistically significant price reaction. Thus, it may not be appropriate to use average stock price reactions to evaluate the price impact of individual analyst recommendation changes. We address this concern by using an intraday jump detection technique and linking jumps to individual news releases.
We apply Lee and Mykland's (2008) nonparametric jump detection test to identify jumps using stock prices sampled at a 15-minute frequency. We find that after removing jumps that may be contaminated with overlapping news events, 25% of analyst recommendations, 16% of earnings announcements, and 10% of management guidance announcements are associated with jumps. To put this in perspective, we observe unconditional jumps in 0.44% of all 15-minute intervals. Thus, jumps are extremely rare events and the fact that a significant portion of their occurrences coincide with recommendation releases strongly indicates that individual recommendations are influential. Furthermore, we find that analysts' recommendations are more likely to surprise the market than either earnings announcements or management guidance. With respect to economic significance, logistic regression results suggest that when an analyst upgrades a stock, the odds of observing a jump increase by about 19 times.
Our results provide several contributions to the literature on sell-side analysts. First, we provide a resolution to the conflict on the value of recommendations raised in Altinkilic and Hansen (2009) by demonstrating that their findings are driven by the use of systematically delayed time stamps. Second, our results reinforce Ljungqvist, Malloy, and Marsten (2009) who argue that researchers should not take the integrity of historical data for granted. Because time stamps obtained from newswires are more accurate than those reported in I/B/E/S or First Call for daytime announcements, our findings indicate that this does not merely introduce noise, but can lead to incorrect inferences. Finally, we compare the relative information content of three of the most common types of information disclosures (analyst recommendations, management guidance, and earnings announcements). Existing studies such as Loh and Stulz (2011) and Altinkilic and Hansen (2009) examine analyst recommendations in isolation. Our multivariate framework enables us to come to the conclusion that analysts are more influential than earnings announcements or management guidance.
Data

Sample selection
Our sample consists of stocks listed on the NYSE for the six-year period between We require that firms in our sample have complete and consecutive records on the CRSP daily file throughout our sample period. Consequently, we exclude firms that were delisted or experienced trading halts. We further require firms to have a CRSP share code of 10 or 11. This eliminates REITS, ADRs, and closed-end funds from the sample. Finally, we require that firms have at least one analyst recommendation and one management issued guidance forecast over the 2002 to 2007 period. After imposing these criteria, the final dataset contains 537 firms.
Intraday price data
We gather intraday stock prices from the NYSE TAQ database. We apply the standard filters used in the microstructure literature to our intraday dataset. We exclude trades that are reported outside the normal trading hours (9:30am -4:00pm), exclude the opening prices on each day and apply a filter to remove any bid-ask bounce effects. 3 We also eliminate trades that are associated with inactive trading days. This refers to days when the database contains less than one trade per hour for a given stock.
Recommendations, management guidance, and earnings announcements
We brokerage houses moved from a five-tier rating system to a three-tier rating system in 2002.
Therefore, we eliminate these mechanical recommendation changes from the sample as they are unlikely to contain information. In conversations with I/B/E/S, the large increase in the fraction of overnight recommendations was due to the introduction of a new data collection tool. This allowed I/B/E/S to collect research PDFs around the clock. Prior to this tool, I/B/E/S relied more heavily on batch files from contributors submitting recommendation revisions. Announcement times corresponded to the receipt of those files rather than the time the reports were announced. Earnings announcements and management guidance are equally distributed through our sample period, with more than 80% occurring overnight.
Are analysts' recommendations informative?
Descriptive statistics
[ Insert Table 1 here ]
Panel B of Table 1 summarizes the extent to which analysts' recommendations overlap with management guidance and earnings announcements. Ivkovic and Jegadeesh (2004) find that a significant fraction of analyst recommendations are concentrated in the days following earnings announcements. We find that the percentage of upgrades and downgrades that are released within a three-day window (-1, +1) of earnings and guidance are 26% and 29%, respectively.
From a three-day to narrower windows, the percentage of recommendations overlapping with guidance and earnings announcements falls. The probability of daytime recommendations occurring during the same 30-minute interval as earnings or guidance is zero. 5 All-stars include analysts that make the first through third team or runner-up in their industry. 6 The sampling period in Altinkilic and Hansen (2009) is the 40 minutes centered on the announcement time. However, they compute the announcement period return using the mean transaction price in the first and last 10 minutes of the announcement period. Consequently, their computation yields the 30-minute announcement period return centered on the recommendation revision. Unlike their study, we do not need to rely on mean transaction prices for return computations because our sample period starts in 2002 when TAQ data became relatively more liquid. Nevertheless, we verify our main results using the sampling method identical to Altinkilic and Hansen (2009). [ Insert Table 2 here ]
Returns to analyst recommendations
For the full sample of upgrades, the average announcement period return is 1.41%, which is both statistically and economically significant. Over 75% of upgrades result in a positive return.
During the overnight period, the return is 1.83%, and after excluding confounding events the return is 1.72%. For daytime upgrades, however, the 30-minute return is much smaller at 0.22%.
For downgrades, we find similar results. The average announcement period return is -1.14% for all downgrades, which is statistically and economically significant. Most downgrades elicit a negative response (73%). The overall return is driven by overnight downgrades, which have an average market reaction of -1.49% compared to -0.25% for daytime downgrades.
The results in Table 2 for daytime recommendations are generally consistent with Altinkilic and Hansen (2009) . That is, using a similar method, they find that average 30-minute returns centered on the reported time stamp for daytime recommendation revisions are economically small. They report 0.03% for daytime upgrade recommendations and -0.03% for daytime downgrade recommendations (Table 3 , page 23). More importantly, they show most of the reaction occurs before the recommendation revision announcement time. This finding leads them to conclude that recommendations only appear to be informative when viewed at the daily level because they piggyback on other confounding news events.
Are time stamps reported in I/B/E/S accurate?
A critical assumption made in the return analysis presented in We then replace any reported time stamps that are delayed with the corresponding newswire time stamp. We report the results on this procedure in Table 3 .
[ Insert Table 3 about here ]
For each type of information disclosure, we report: 1) the number of time stamps we hand-checked; 2) the percentage we were able to match; 3) conditional on finding a match, the percentage where we found an earlier time stamp; and 4) conditional on finding an earlier time stamp, the percentage that we adjusted to the overnight interval. recommendations where we were able to find a match, the newswire time stamp was earlier than the time reported by I/B/E/S for a significant fraction of the observations. Of those recommendations for which the newswire time stamp was earlier, we find that 61% were disclosed overnight.
Panel B of Table 3 Similar to analysts' recommendations, a significant fraction of those earnings announcements adjusted earlier actually occurred during the overnight period.
In Panel C of Table 3 , we report results for management guidance. Like earnings announcements, we are able to match a majority of management guidance announcements reported by First Call with announcements from the newswires. We again find that a significant fraction of the reported guidance announcements have a delayed time stamp and are released during the overnight period.
The impact of time stamp delay on our results
Panel A of Table 4 compares the newswire time stamp to the reported I/B/E/S time stamp for the sample of 305 recommendations that were adjusted to an earlier time period based on our search of the newswires. 7 For all recommendations, we find that the average delay is 2.4 hours, with a median delay of 1.3 hours. The reported delay is slightly larger for upgrades than for downgrades.
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Panel B of Table 4 compares the 30-minute market reactions of analyst recommendations using I/B/E/S-reported time stamps to those using newswire-corrected time stamps. To clearly see the impact of time stamp delay, we consider only the observations where we were able to match the reported announcements to the newswires. Similar to Table 2 , the market reaction using I/B/E/S-reported time stamps is economically small. For daytime upgrades, the 30-minute return is -0.07% and -0.09% for daytime downgrades. The results are similar if we exclude contemporaneous earnings announcements or management guidance. We find the market response is statistically and economically significant when we adjust the announcement time to the newswire time stamp. Upgrades generate a 1.83% market return and downgrades exhibit a -2.10% return. Both of these returns are significantly different from the returns using the I/B/E/S-reported time stamp. These results indicate that time stamp delay can lead to erroneous inferences and likely explains the results in Altinkilic and Hansen (2009). Further, note that these returns are similar to the 1.83% and -1.49% returns we reported in Table 2 for overnight upgrades and downgrades, respectively.
[Insert Table 4 about here]
In Figure 1 , we further examine returns surrounding the release of the recommendations using the I/B/E/S-reported time stamps and the newswire time stamps. We plot cumulative 15-minute returns from 90 minutes before to 90 minutes after the announcement times. Each interval represents a 15-minute window. Time 0 corresponds to the announcement time. We do 7 From Panel A of Table 3 , we adjust the time stamps of 305 recommendations (3,993 recommendations checked × 13.55% found × 56.37% adjusted earlier). 8 For time stamps that are adjusted before the market open, we measure the reported delay relative to 9:30am. For instance, if I/B/E/S reports a time stamp at 10:30am, but we find a newswire time stamp at 8:30am, we measure the delay as 1 hour. Without truncation, the average delay is 3.7 hours with a median of 1.6 hours.
not observe a significant stock price reaction around the I/B/E/S-reported time stamp. The stock price reaction appears to take place before the recommendation release. This is consistent with the piggybacking hypothesis of Altinkilic and Hansen (2009), which suggests that analysts appear informative because they issue their recommendation changes following news. However, once the corrected newswire time stamps are considered, we observe a large and statistically significant price reaction around the announcement period. The results in Figure 1 provide strong evidence against the piggybacking hypothesis and further confirm our finding that when the correct time stamps are used, recommendations are on average informative.
[Insert Figure 1 about here] Table 3 shows that we are not able to match the full sample of daytime earnings announcements, guidance, and recommendations to the newswires despite employing various news sources. This problem is most acute for recommendations where the match rate is only 15.6%. As we indicated previously, the results in Table 3 show that a significant portion of the announcements that we matched against the newswires occurred during the overnight period. We conjecture that the bulk of the sample of unmatched daytime recommendations also likely occurred during the overnight period.
When do daytime recommendations usually occur?
To test the above conjecture, we examine the overnight return focusing on the day of those unmatched daytime recommendation releases. If the unmatched recommendations were actually released before trading hours, overnight returns should be significantly different from zero. On the other hand, if the firm's overnight period is information-free, the average overnight return is expected to be approximately zero. we could not match to the newswires, and a negative and significant coefficient can be similarly interpreted.
[ Insert Table 5 here ]
We report results for two observation samples. In the first model, we consider all observations. Table 5 shows that the intercept of the model is -0.04 indicating that the average overnight return on days without recommendation releases is not statistically different from zero.
As expected, the coefficient on overnight events, Overnight upgrade (Overnight downgrade), are positive (negative) and highly significant, indicating that recommendation revisions announced
before the market open have a significant market impact when trading begins. The magnitudes of their coefficients are consistent with the announcement period returns around overnight revisions reported in Table 2 . For example, the coefficient on upgrade is 1.82%, which is comparable to the 1.83% documented in Table 2 for overnight upgrades. The second model of Table 5 looks at the impact of non-confounded recommendation revisions on the overnight period return. We eliminate observations if there is an earnings announcement or management guidance announcement on the day of the revision. The results are quantitatively similar to those using all observations and further support the view that daytime analyst recommendations are systematically delayed and are likely released before the market opens.
Do recommendations generate influential intraday price reactions?
Using average announcement period returns, we provide intraday evidence supporting the conventional view that analysts' recommendations are on average informative. However, Loh and Stulz (2011) argue that using average returns could overstate the actual impact of analysts. They suggest that the average stock price reaction to analyst recommendations could be statistically significant even if no recommendation causes an economically meaningful stock price reaction.
For example, they find that after purging out confounding events, only 12% of analyst recommendations result in significant cumulative abnormal returns in the two days surrounding recommendation releases.
In this section, we examine whether individual analyst recommendations induce visible market reactions. By focusing on intraday price changes, the problem of incorrectly concluding that recommendations are influential is substantially mitigated because we can better distinguish their impact from that of other information events that may occur on the same day, but often at different times.
Consistent with a rich literature that shows stock returns consist of a jump and a smooth component, we assume that smoothly evolving price changes are caused by normal trading activities, while sudden price jumps are caused by the arrival of new and surprising information. For our study, we define recommendations that have a noticeable impact as those that can generate large intraday price changes, i.e. "jumps". Subsequently, we employ a multivariate analysis to link various information events to jumps in stock returns. This in turn addresses the information content of recommendations relative to earnings announcements and management guidance.
Detecting jumps and their descriptive statistics
A number of nonparametric jump detection methods have been developed in recent years. 10 We use the method proposed by Lee and Mykland (2008) because this approach offers greater detection power with intraday data allowing us to identify intraday jumps more precisely.
We use a 15-minute sampling frequency for detecting jumps. Lee and Mykland (2008) present evidence that the likelihood of making a Type I or Type II error increases when sampling at lower frequencies, such as on a daily basis, but is essentially zero when sampling at a frequency of 15 minutes. Although it is ideal to sample at higher frequencies to obtain more precise empirical results, sampling too frequently eliminates a large portion of mid-and small-sized stocks from our sample due to infrequent trading. For robustness, we also repeat the analyses by sampling at a 30-minute interval and obtain similar results.
In order to detect jumps at the 15-minute interval, we start by constructing our sample of discretely sampled stock prices. We search for the trade that is closest to each discrete time point (9:30am, 9:45am, 10:00am, etc.). If no trade is reported within +/-5 minutes of each sampling point, we interpolate for the price by using the two neighboring observations. When interpolation is not possible due to illiquidity, we leave the price corresponding to this trade interval blank. We then exclude these blank trade intervals from our jump detection analysis. By focusing on 15-minute windows, we effectively partition each day into 27 distinct windows, the overnight period plus 26, 15-minute windows during the trading day between 9:30am and 4:00pm.
[ Insert Figure 2 here ] Figure 2 illustrates the intuition behind the development of the jump detection test by Lee and Mykland (2008) . First, we assume that is the number of observed stock prices for firm j over our sample period. At each 15-minute time interval t i −1 to t i , we calculate the logarithmic stock return of firm j defined as log / 1 , where is the stock price of firm j at time t i . If is extremely large relative to the instantaneous volatility, , then we say that a jump in the stock price of firm j is detected between time and . The instantaneous volatility is computed using the past K=156 return observations. Appendix A provides details for computing , and choosing the window size K, as well as the rejection criteria for detecting jumps.
In the example highlighted in Figure 2 , a jump is detected during the 9:45am to 10:00am
interval. Therefore, we set the jump indicator variable equal to one during this interval. The jump indicator variable is set to zero for each interval without a jump. We use jump indicator variables to proxy for unusual price impact of information events. This metric captures the surprise component of information events on stocks prices in both positive and negative directions. For our purposes, this feature is particularly appealing because we do not need to interpret the information content of earnings announcements or management guidance, which are oftentimes ambiguous.
11
[ Insert Table 6 here ] of jumps occur overnight and about half are positive jumps. Conditional on observing a jump, the probability that a firm will experience multiple jumps in a single trading day is 7.6%. Results from applying the jump detection method to 30-minute returns are qualitatively similar.
Univariate analysis of jump probability
In this subsection, we perform a univariate analysis to illustrate the impact of using high frequency data. Panel A of Table 7 summarizes jump detection statistics from applying different approaches. The number of observations increases tremendously once we move from lower to 11 Although squared or absolute returns can also be used to measure (directionally independent) price impact, they often capture the usual innovation from a volatility component, which could be solely due to normal uncertainty of the market. In other words, they are not likely to be associated with visible market reactions, which we are interested in studying in this section. The jump detection test used in this study allows us to identify unusual price impact even in the presence of persistent stochastic volatility.
higher frequency data. We define the detection rate as the percentage of observations where jumps are detected (Number of jumps / Number of observations). With 2-day returns, jumps are detected in 7.6% of the observations, while we detect jumps in 0.44% of the observations at both the 30-minute and 15-minute sampling frequencies. This finding follows from the fact that we apply a much more conservative criterion for detecting jumps than Loh and Stulz (2011).
12
[ Insert Table 7 here ]
In Panel B, we present evidence on the likelihood of observing a jump during the same interval that information is disclosed. The jump probabilities that we report in Panel B provide a simple analysis of the impact of each information event. These values, however, do not take into account the probability that two or more events may arrive contemporaneously in the same interval, and hence, they cannot be used to infer the relative importance of one event against another. For instance, when a jump is observed during the same interval as an earnings announcement and the release of management guidance, it is impossible to conclude whether the observed jump is due to the earnings announcement, management guidance, or both. In order to quantify the impact of 12 Loh and Stulz (2011) classify outliers if the absolute value of the 2-day cumulative adjusted return (CAR) exceeds 1.96 √2 σ ε , where , the idiosyncratic volatility, is the standard deviation of residuals from a daily time-series regression of past three month firm returns against market returns, and the Fama-French factors.
contemporaneous news arrivals on jump probabilities, we remove jumps that occur in the same interval as two or more information events. The results are reported in Panel C.
Panel C shows that after excluding contemporaneous jumps, the percentage of recommendations associated with jumps at the 15-minute horizon falls slightly to 25.0% from the 28.3% documented in Panel B. On the other hand, the percentage of earnings announcements and guidance that are associated with jumps decreases significantly once we remove contemporaneous jumps. When contemporaneous jumps are excluded, earnings announcements are associated with jumps in 16.3% of the cases, while management guidance is associated with jumps in only 10.5% of the observations. At the 2-day return horizon, the percentage of recommendations associated with jumps is 14.2%, which is in line with the 12% documented by Loh and Stulz (2011).
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The results in Panel C of Table 7 indicate that the issue of contemporaneous information arrivals can be quite severe for earnings announcements and management guidance even at the intraday level. Therefore, it is difficult to conclude on the relative importance of various events based on a univariate analysis of price reactions around information event times. By considering jumps that are associated with earnings, for example, we may overestimate the importance of earnings because some of these jumps may in fact be due to other contemporaneous news arrivals. On the other hand, if we exclude jumps that are associated with the joint arrival of earnings and other news, we run the risk of underestimating the importance of earnings because we may be eliminating observations that truly represent the impact of earnings news. In the next subsection, we discuss a method to test for the impact of various information disclosures in a multivariate setting where simultaneous information releases are taken into account. 13 We also studied the likelihood of jumps conditioned on when a recommendation was released with respect to earnings announcements and management guidance. Recommendations issued in the three days prior to an earnings announcement were twice as likely to cause a jump as those issued in the three days following earnings and guidance announcements. This result is consistent with the empirical findings of Ivkovic and Jegadeesh (2004) .
Multivariate logistic regressions
In this subsection, we consider the relative importance of earnings announcements, management guidance, and recommendations by estimating a multivariate logistic regression model. It allows us to investigate the jump intensity or the likelihood of large price changes as a function of individual information releases. The method that we use is an extension of Lee (2010) to panel data. More specifically, we estimate the following model for the likelihood of a jump in firm j's stock price between time and :
where is the probability that the jump indicator variable for firm is equal to 1 between and . The parameter α denotes the intercept, and denotes the effect parameter. We control for firm-level fixed effects in all the regressions with that is specific to firm . To save space, we do not report these firm-level fixed effect estimates in our table.
The independent variables are denoted by i , which consist of various event indicator functions for firm between periods and . We generate a time series of indicator functions representing the timing of various information releases at a sampling frequency of 15 minutes.
For example, the indicator function for earnings announcements released by firm at time takes the value of one if earnings was released between and (zero otherwise). Indicator functions for the other information variables are generated similarly. When we have M number of information variables, i = , i , , i , … , , i , the effect parameter in equation (1) is a 1 vector of regression coefficients.
We estimate the jump intensity model as in equation (1) The estimation results are reported in Table 8 . We present results from five different models. We consider all observations in models (1) through (3), while models (4) and (5) separately consider daytime and overnight observations. For the daytime observation model, we exclude the overnight window that corresponds to the window from 4:00pm on the previous day to 9:30am on the current day. Conversely, the overnight observation model considers only the observations from that overnight window. Rather than considering one indicator variable for all recommendations, we include separate indicator variables for upgrades and downgrades.
[ Insert Table 8 here ]
When considering all observations, we include an indicator variable, Overnight Indicator, to control for the differential fixed effect between overnight and trading hours observations. The In model (2), we introduce the indicator variables for earnings announcements and management guidance in addition to the analyst-related variables. The coefficients on these variables are also positive and significant, which indicate that their releases are associated with a jump. The magnitude of the coefficients suggests that upgrades are most strongly associated with jumps, followed by downgrades, earnings announcements, and management guidance.
In model (3), we include a control variable, Market-wide event, which takes the value of one if there was a jump in the S&P 500 futures index (zero otherwise). The purpose of this indicator is to control for cases where an event at the macroeconomic level causes a significant number of stocks to jump at the same time. We obtain high frequency S&P 500 futures data (S&P500 Emini) from TickData. The S&P500 E-mini is the S&P 500 futures contract that is traded electronically and continuously around the clock. Therefore, any significant market-wide shocks during either trading hours or overnight should show up as jumps in the S&P 500 future prices.
We apply the same 15-minute sampling frequency to the S&P 500 futures price data as we do for equity prices. Table 8 shows that while the coefficient on Market-wide event is positive and significant, its inclusion does not impact the other variables or the relative ranking of firmspecific events.
In models (4) and (5) of Table 8 , we separately consider observations that belong to the daytime and overnight windows. The results are similar to those reported for all observations. All of the coefficients remain positive and highly significant. Recommendation upgrades and downgrades remain the most important determinants of jumps.
The estimated coefficient for the information event represents the change in the log of the odds of observing a jump conditional on a unit change in the independent variable.
Since all of our independent variables consist of indicator functions, each regression coefficient in Table 8 represents the change in the log of the odds of observing a jump when only an event occurs, ceteris paribus. That is,
where is the odds of observing a jump conditional on an event ocurring, and is the odds of observing a jump in the absence of event occurring.
In our context, the odds ratio is defined as the probability of observing a jump over the probability of not observing a jump. Table 7 shows that the nonparametric jump detection rate in our sample is 0.44%, which suggests the odds of observing a jump in our full sample is very rare.
However, the results in Table 8 show that when relevant news about a firm's fundamentals is released, the odds of observing a jump increase significantly. For instance, the 2.97 coefficient on upgrade in the regression model (1) suggests that the odds of observing a jump increase by 2.97 19.5 times when a recommendation upgrade is released. Other coefficients can be interpreted similarly. Thus, our estimates are not only statistically significant, but they also represent an economically large effect. Table 3 indicates that we were not able to match all the I/B/E/S-reported daytime announcements to the newswires. Although we corrected the time stamps that we were able to match, our independent variables are not completely free from time stamp errors. In this 14 One possible concern about the regressions in Table 8 is that they do not examine the direction of jumps. In the case of upgrades and downgrades there is an unambiguous signal as to the direction in which the stock price should move. In unreported results, we separately run regressions of positive and negative jumps. We indeed find that upgrades increase the likelihood of positive jumps, but not negative jumps. Conversely, downgrades increase the likelihood of negative jumps, but not positive jumps.
The impact of remaining time stamp errors
subsection, we investigate how the remaining time stamp errors may impact our conclusions on the value of analyst recommendations.
We first approximate the remaining error rate in our sample of daytime announcement time stamps. Table 3 shows that we were able to find only 13.55% of I/B/E/S-reported recommendations in the newswires. This implies that the remaining 86.45% of daytime recommendation time stamps are not verified, and hence subject to potential errors. In order to approximate the expected error rate, we assume that the error rate for these unmatched recommendation releases is the same as those found in the newswires, i.e. 56.37%. Based on this assumption, we expect the overall error rate in our daytime analyst recommendations to be approximately 86.45% x 56.37% = 48.73%. Applying the same logic to the earnings and management guidance data, we estimate that the remaining error rate in our daytime earnings and management guidance data are approximately 12.57% and 15.41%, respectively.
The analysis above shows that once the announcement data are corrected using newswire searches, the time stamps for analyst recommendations are likely to remain the most erroneous.
We study the bias that the higher rate of time stamp error on recommendation data may create in our logistic regression results using Monte Carlo simulation experiments. In unreported results, we find that a higher time stamp error rate produces more negative bias in the coefficient estimates in Table 7 . Since we show time stamp errors are likely to be the most severe for analyst recommendations, we would most likely understate the true impact of analyst recommendations relative to earnings announcements and guidance. Therefore, analysts are likely to be even more influential than our results imply. of upgrades and 5.5% of downgrades overlap with earnings or guidance in the overnight period. Table 6 shows that the problem of confounding information arrivals can affect the outcomes even at the intraday level.
The impact of confounding events on multivariate logistic regressions
We investigate how robust our multivariate analysis is to the presence of confounding events by conducting simulation experiments. The simulation is designed to generate data from models that accommodate real market conditions, particularly with multiple intraday information events that are possibly confounded. To save space, the details of the model employed for this simulation and results are discussed in Appendix B. The overall results indicate that our method is robust to varying degrees of confounding information arrivals. Therefore, their presence does not seriously impact our findings.
Concluding remarks
We demonstrate that the time stamp reported in two widely used databases, First Call and I/B/E/S, are typically delayed during daytime trading hours. We demonstrate that for intraday studies, such systematic delays can have serious implications. For instance, in a subset of recommendations where we find an earlier time stamp on the newswires, we show that market reactions around the I/B/E/S-reported time stamps are insignificant, but when we correct the time stamps using newswire searches they become economically and statistically significant.
Our findings are in stark contrast to Altinkilic and Hansen (2009) , who conclude that analyst recommendations have little value. They argue that analysts update their recommendations after the release of publicly announced news so they appear informative. Our results suggest that their findings are due to the use of time stamps that are systematically delayed relative to the actual announcement times. Thus, it is essential for researchers to compare time stamps obtained from data vendors with those reported on the newswires when using intraday data to measure announcement effects.
After showing that analysts are informative on average, we also examine whether individual recommendations are influential in the presence of firms' own corporate information disclosures. Our multivariate framework allows us to estimate the relative importance of analyst recommendations, earnings announcements, and management guidance in corresponding stock markets. These events are among the most studied in finance and accounting, but typically are analyzed independently. Because they are often issued on the same day, it is difficult to determine the relative importance of each event on a daily basis. Our method using intraday data overcomes this problem. We find that analyst recommendation revisions are the most important and influential information disclosure channel examined.
Figure 1. Intraday price reaction to recommendation changes.
This figure shows cumulative returns surrounding the release of recommendation upgrades and downgrades. We examine market reactions around daytime announcements. "Downgrade: I/B/E/S" and "Upgrade: I/B/E/S" refer to the results from using the time stamps as reported on I/B/E/S. "Downgrade: Newswire" and "Upgrade: Newswire" refer to the results from using the time stamps that we corrected using the newswires. Time 0 corresponds to the announcement time. Each interval represents a 15-minute window. Time -1 corresponds to the 15 minute window before the announcement, while +1 corresponds to the 15 minute window after the announcement. All other windows are similarly defined.
Figure 2. Time line and the jump detection method
This figure illustrates the intuition behind the jump detection test used in this paper. The asterisk represents the discrete observed stock price path. According to this figure, a jump occurs between 9:45am and 10:00am. We partition the time horizon during the trading day into 15-minute intervals. We retrieve the stock price from the NYSE TAQ database that is closest to each interval mark. We then apply the Lee and Mykland (2008) test to detect whether the return over each 15-minute interval can be characterized as a jump. The intuition behind this test is to compare the logarithmic return over each interval to its instantaneous volatility that is computed using the past K=156 return observations. See Appendix A for details of the statistical jump detection threshold. If a jump is detected, we set the jump indicator variable for that return interval equal to one (zero otherwise). Overnight refers to the closing period from day t-1 to the opening period on day t. We classify announcements as occurring during the overnight period if the time stamp is between 4:00pm and 9:30am. Panels A, B, and C provide results for analyst recommendations, earnings announcements, and management guidance, respectively. The "% Found" represents the fraction of observations that we were able to find from searching the newswires. If the time stamp is found and appeared to be delayed, we replace them using those from newswire. The fraction of time stamps found that is delayed is reported under "Of those found % adjusted earlier". The last column "Of those adjusted earlier % adjusted to overnight" represents the fraction of delayed time stamps that were adjusted to the overnight window, prior to the market opens. The independent variables are all indicator variables designed to capture various events including analyst recommendations, earnings announcements, management guidance, market-wide events, and the timing of the announcement for non-trading hours (Overnight indicator). We use jumps in the S&P500 E-mini futures contract to proxy for market-wide events. In models (1)- (3) we report results based on all observations, while models (4) and (5) See the Appendix B for the asset pricing model for this method.
Appendix B: The impact of confounding events in multivariate logistic regression
We provide simulation evidence showing the robustness of our multivariate logistic regression performed in Section 4 to the presence of confounding information events. Results in Table B1 are based on the average of 1,000 simulation runs. In order to see how confounding events may influence our results, we generate 15-minute returns over a 5-year period from a general continuous-time asset pricing model that accommodates various empirical evidence such as the presence of price jumps, stochastic volatility, and stochastic jump intensity, among others. The model follows a jump diffusion process with stochastic jump intensity depending on information releases. We assume that prices are observed between 9:30am and 4:00pm to mimic our data from New York Stock Exchange (NYSE).
Specifically, for each firm j, we assume that the evolution of its asset price at time t is represented by the following equations:
Where is a standard Brownian motion and is a Poisson counting process with stochastic jump intensity, or equivalently jump probability, , which depends on information covariates. Price and information data for firm j are assumed to be observed only at discrete times . This article sets observation times to be equally spaced such as at 15 minutes: Δ .
For simplicity, we suppose in this simulation study that there are two independent variables that are possibly confounded. The stochastic jump intensity model is where the first and second information covariates , i and , i are quarterly event timing indicators and is the intercept. Their impact parameters are set at = 3 and = 2.5, respectively. In estimating the jump intensity model , we set our dependent variable to takes the value of one if a jump in stock price of firm j is detected in a 15-minute time interval and zero otherwise according to the method in Lee and Mykland (2008) .
Conditions for this type of models are general enough to cover almost all continuoustime models with nonlinear drift, stochastic volatility, and stochastic jumps used in the asset pricing literature. The related assumptions can also be found in Lee (2011).
The confounding rates of the two event indicators are set at three different levels as listed in Table B1 . We first note that even when the error rate is equal to zero, we expect a small bias in our estimates due to the discretizing error in the continuous-time model. Nevertheless, the results show that while the coefficients can be slightly biased, the significance levels and ranking of the parameters remain intact. Thus, our results are robust to confounding events. 
